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Background and Aims: Understanding consumers¶ SUHIHUHQFHV LV NH\ to making a successful 
product, but preferences are heterogenous. We compare three approaches to consider preference 
heterogeneity in discrete choice models: (i) systematic preference variations based on 
sociodemographic characteristics; (ii) latent classes; and (iii) hybrid choice models with latent 
variables PHDVXULQJFRQVXPHUV¶DWWLWXGHV 
Methods and Results: Data from a stated choice survey of Chilean wine consumers was analysed 
using three different approaches; these agreed on average trends, but differed in fit and implied 
different trade-offs. For example, sociodemographic characteristics correlate poorly with 
preferences. Latent classes offer a good fit but do not link preference heterogeneity to consumer 
characteristics. The hybrid choice model provides the best fit, but requires more data, making it 
more difficult to use this approach in forecasting. 
Conclusions: The best approach might depend on the research objectives. Using latent classes on a 
representative sample is the best approach if forecasting is paramount. Modelling attitudes is helpful 
ZKHQPRUHLQVLJKWLQWRFRQVXPHUV¶SUHIHUHQFHVLVVRXJKW6\VWHPDWLFpreference variations based on 
sociodemographic characteristics are a good choice when only average trends are relevant. 
Significance of the Study: We make recommendations on how to model preference heterogeneity 
when studying wine preferences, an issue often overlooked. 
Keywords: discrete choice, hybrid choice models, latent classes, preference heterogeneity, wine 
Introduction 
 The consumption of food and beverages can be conceptualised as a two-stage process (Grunert, 
2005). In the first stage, consumers decide whether or not to buy a product based on their 
expectations RIWKHSURGXFW¶VTXDOLW\7KLVexpected quality is constructed from available cues, such 
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as the packaging or IULHQGV¶DGYLFH, as consumers cannot taste or smell the product at this point. The 
second stage is when consumers actually taste the product and can fully appreciate its (subjective) 
quality. This process induces a dichotomous classification of the SURGXFW¶VDWWULEutes: those that can 
be appreciated before buying are called extrinsic (e.g. price, packaging and advertising), and those 
that can only be appreciated after purchase are called intrinsic (e.g. colour, taste and aroma). 
But the perception and valuation of attributes is not homogenous among consumers. This is 
particularly true in the case of food and beverages, where even the valuation of extrinsic attributes 
varies between consumers. For example, some consumers may be willing to pay more for health 
certification or for organic food, while others may not (Angulo and Gil 2007, Scarpa and Thiene 
2011). 
In this research, we attempt to identify the best way of modelling preference heterogeneity 
in the first stage of food choice,that is when only extrinsic attributes are considered. We use wine as 
a case study due to its complexity (Ferreira et al. 2007, Mouret et al. 2013, McIntyre et al. 2015), 
which leads to increased preference heterogeneity among consumers (Dodd et al. 2005, Terrien and 
Steichen 2008, D'Alessandro and Pecotich 2013, Velikova et al. 2015) and even some confusion 
among expert judges (Gawel and Godden 2008). To make the study manageable, we focus on a 
specific wine-drinking context, that of an informal dinner with friends. This way we control (to a 
certain degree) the influence of context, and reduce a problem of  multiple choice-purchase 
decisions to only one choice-purchase decision. With this simplification we are able to apply a 
discrete choice modelling approach, notably simplifying both the data requirement and modelling 
complexity. Selecting a special occasion as the consumption context is an approach followed by 
several authors (Lockshin et al. 2006, Mtimet and Albisu 2006, Jarvis et al. 2010, Mueller et al. 
2010a). 
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7R DFFRXQW IRU KHWHURJHQHLW\ LQ FRQVXPHUV¶ SUHIHUHQFHV ZH XVHd three alternative 
approaches: (i) systematic preference variations; (ii) latent classes; and (iii) latent variables. The 
ILUVWDSSURDFKH[SODLQVSUHIHUHQFHKHWHURJHQHLW\EDVHGRQFRQVXPHUV¶REVHUYDEOHVRFLRGHPRJUDphic 
characteristics. This approach assumes, for example, that female consumers of a certain age behave 
more similarly among themselves than a group composed of both males and females of various 
ages. The second approach classifies consumers in a finite number of groups with homogenous 
preferences, assigning each individual a probability of belonging to each group (which may be 
common), as opposite to being classified in a deterministic manner. Finally, the last approach 
explains preference heterogeneity based on a set of FRQVXPHUV¶unobservable characteristics. These 
characteristics represent consumeUV¶DWWLWXGHVRURSLQLRQVDQGWKHUHIRUHDUHQRWGLUHFWO\REVHUYDEOH
We measure these latent variables using a novel short questionnaire, and also link them to 
observable sociodemographic characteristics and consuming habits. 
To accomplish our goals, we designed a stated choice survey where respondents faced a 
hypothetical choice between four wines for an informal dinner with friends. The survey was 
designed to also provide the information required for the estimation of the latent variables. The 
survey was implemented through the web and was answered by members of a wine club. 
Data was collected in Chile, a relevant New World wine producing country. In the last few years, 
wine consumers in developing nations have become increasingly involved and more knowledgeable 
about wine; this has shifted industry focus on local markets from mass production to premium 
quality. Yet, quality is often understood only from the expert's perspective. In this research, we 
attempt to understand H[SHFWHGTXDOLW\ IURP WKHFRQVXPHU¶V VWDQGSRLQWDVGHULYHG IURPH[WULQVLF
attributes. 
The rest of the paper is organised as follows. The second section describes the experimental 
design, sample selection and modelling strategy. The third section presents the modelling results 
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and the fourth closes the paper with a discussion on the various models and their appropriateness for 
modelling heterogeneity in preferences.  
Materials and methods 
Sample description 
The experiment was performed in two steps. In the first, 842 respondents answered a web survey 
concerning their socio-demographic characteristics, wine consuming habits and attitudes. In the 
second step, they were invited to participate in a Stated Choice (SC) survey, but only 254 
responded. All participants were clients of a Chilean wine specialty store and represent the richer 
end of tKH ZLQH FRQVXPHUV¶ VSHFWUXP that is 80% of respondents belong to the richest 20% of 
Chilean households (Ministerio de Desarrollo Social 2012). Table 1 summarises the main 
characteristics of each sample. The distribution of data from both samples is statistically equivalent, 
except for the purchase frequency and level of education. 
Modelling 
Discrete choice models (DCM) are a particular class of econometric models used to explain and 
predict choices among a set of finite alternatives. These models have become common in the food 
and beverages preferences literature lately [see Ortúzar (2010) for a review, and Grisolía et al. 
(2012), Adamowicz and Swait(2013) and O'Neill et al. (2014) for some recent examples]. There are 
also several applications of these models to wine consumption (Lockshin et al. 2006, Mtimet and 
Albisu 2006, Barreiro-Hurlé et al. 2008, Jarvis et al. 2010,  Mueller et al. 2010a, Costanigro et al. 
2014). 
Using DCM to study consumer preferences has several advantages. First, it is an indirect 
method to assess the importance of a product's attribute in relative terms, without rating them 
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directly (Mueller et al. 2010b). Secondly, the methodology requires consumers to do nothing else 
than what they normally do when buying, i.e. choosing among a set of alternatives. 
Discrete choice models are mathematical representations of the choice process followed by 
individuals, based on the Random Utility Theory (Lancaster 1966). Alternatives (i.e. bottles of 
wine) are defined as a set of attributes and their particular levels, while consumers hold preferences 
for these attributes. The interaction between WKH SURGXFWV¶ attributes and FRQVXPHUV¶ preferences 
gives rise to utility, as perceived by consumers. Consumers are assumed to behave in a 
compensatory way, that is a poor level on one attribute can be compensated by a good level on 
other/s. 
One of the most popular random utility models is the Multinomial Logit (MNL) model 
(McFadden 1973, Train 2009, Ortúzar and Willumsen 2011). The MNL model assumes that each 
alternative i provides a particular level of utility ௜ܷ௡௧ for consumer n in choice situation t. This 
utility Equation 1 is assumed to depend linearly on both observed DOWHUQDWLYH¶V DWWULEXWHV ݔ௞௜௧ (k 
enumerating attributes) and unobserved consumers¶ preferences, which are assumed to be 
homogenous among the population; ߚ௞ are coefficients (marginal utilities) to be estimated. As the 
modeller does not possess as much information as the consumer, an additional random error term ߝ௜௧௡, representing all those attributes perceived only by the consumer, is added to the utility. This 
random component is assumed to distribute IID Extreme Value Type-I in the MNL, allowing to 
derive an analytical form for the probability of choosing a particular alternative Equation 22. 
 ௜ܷ௡௧ ൌ ෍ ߚ௞ݔ௞௜௧௞ ൅ ߝ௜௧௡ (1) 
 ௝ܲ௡௧ ൌ ݁  ? ఉೖ௫ೖೕ೟ೖ ? ݁  ? ఉೖ௫ೖ೔೟ೖ௜  (2) 
 
                                                     
2
 Note that in Equation 2 we have omitted the scale factor inversely related to the unknown standard deviation 
(V) of the errors H as it is unestimable in this case; this means that estimated parameters E are deflated by V. 
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There are several ways to introduce preference heterogeneity in the modelling. The first and 
simpler approach, often called systematic preference variations (SPV) [Ortúzar and Willumsen 
(2011), page 279], consists in adding new terms to the utility, in the form of interactions between 
WKH SURGXFWV¶ DWWULEXWHV ݔ௞௜௧ DQG FRQVXPHUV¶ FKDUDFWHULVWLFV ݖݎ݊, where r enumerates 
characteristics of consumer n), as shown in Equation 3. This method has the benefit of maintaining 
the analytical form of the probability of choosing an alternative Equation 2 and is a simple and easy 
to interpret form of relaxing the assumption of equal preferences for all individuals. The main 
limitDWLRQ RI WKLV DSSURDFK LV WKDW FRQVXPHUV¶ FKaracteristics must be observable, therefore 
FRQVXPHUV¶GHPRJUDSKLFfactors are often used. 
 ௜ܷ௡௧ ൌ ෍ ߚ௞ݔ௞௜௧௞ ൅ ෍ ෍ ߚ௞௥ݔ௞௜௧ݖ௥௡௞௥ ൅ ߝ௜௧௡ (3) 
 
Another approach to consider preference heterogeneity is the use of latent classes (LC) [Hensher et 
al. (2015), chapter 16]. The approach consists in assuming a fixed number of different classes of 
consumers within the sample, with homogenous preferences within each class, but different 
preferences between them. Consumers are not assigned to a class in a deterministic way, but each of 
them has a probability of belonging to each class. This probability can be assumed to be equal for 
every consumer (as we do in this study), or FDQGHSHQGRQFRQVXPHUV¶REVHUYDEOHFKDUDFWHULVWLFV 
Equations 4 - 6 show the utility of alternative j, the probability of choosing alternative j, and the 
probability of an individual belonging to class c, respectively; where c enumerates classes and ɲc is 
a parameter, to be estimated, proportional to the size of class c. If the modeller wants pc to depend 
RQ UHVSRQGHQWV¶ FKDUDFWHULVWLFV WKHQ they only need to make ɲc D IXQFWLRQ RI UHVSRQGHQWV¶
characteristics. We assumed ɲc fixed and equal for all individuals, as we measured the effect of 
sociodemographic characteristics using the SPV approach instead. 
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 ௜ܷ௡௧௖ ൌ ෍ ߚ௞௖ݔ௞௜௧௞ ൅ ߝ௜௡௧௖  (4) 
 ௝ܲ௡௧ ൌ ෍ ݌௖ ݁  ? ఉೖ೎௫ೖೕ೟ೖ ? ݁  ? ఉೖ೎௫ೖ೔೟ೖ௜௖  (5) 
 ݌௖ ൌ  ? ? ൅ ݁ିఈ೎ (6) 
 
A third alternative to model preference heterogeneity is the use of latent variables (LV) 
[Walker and Ben-Akiva (2002), Bahamonde-Birke and Ortúzar (2012)]. This approach is similar to 
SPV, but this time the attributes interact with FRQVXPHUV¶unobservable characteristics, instead of 
observable ones. This provides a wider range of possibilities, as preference variations can depend, 
IRUH[DPSOHRQFRQVXPHUV¶DWWLWXGHVRURSLQLRQVWRZDUGVWKHSURGXFWRUFRQVXPHUV¶SV\FKRORJLFDO
characteristics, such as personality traits. These unobservable characteristics are modelled as latent 
variables. 
The LV approach requires more information than the previous approaches. Besides 
requiring the record of choices by each consumer, it requires indicators or measurements of the LV. 
As these represent unobservable characteristics, more than one indicator for each LV is 
recommended. These indicators are often FRQVXPHUV¶ DQVZHUV WR TXHVWLRQQDLUHV DERXW WKHLU
attitudes, opinions and general behaviour; the most common type of questions are asking for the 
level of agreement with a set of phrases (e.g. using a scale from 1 to 5, what is your level of 
agreement with the phrase µI like trying new wines¶). 
There are several ways of estimating the LV, but one of the most popular approaches is 
using the Multiple Indicators Multiple Causes (MIMIC) model (Bollen 1989). We wish to measure 
something that we cannot observe, that is one or more latent variables ߟ݈݊. The model assumes that 
the indicators (݉௟௤௡, where l enumerates latent variables and q the indicators associated with each 
of them, for consumer n) are caused by the LV and a random error term ߥ݈ݍ݊; this allows us to write 
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measurement Equation 7, where ߛ௟௤଴  and ߛ௟௤ are coefficients to be estimated. The measurement 
equations do not need to be linear, and may take an ordinal logit form [Hensher et al. (2015), 
chapter 18] if the indicator is of ordinal nature. If possible, we would also like to explain the value 
of the LV using observable characteristics, therefore allowing prediction. This leads to posing 
structural Equation 8, where ߞ௥௟ are parameters to be estimated and ߝ௟௡ are further error terms. 
 ݉௟௤௡ ൌ ߛ௟௤଴ ൅ ߛ௟௤ߟ௟௡ ൅ ߥ௟௤௡ (7) 
 ߟ௟௡ ൌ ෍ ߞ௥௟ݖ௥௡௥ ൅ ߝ௟௡ (8) 
 
Once the LV are estimated, they can be included in the choice model. But as the value of 
the latent variables is estimated with a level of error (ߝ݈݊), this additional source of noise must be 
incorporated when estimating the probability of choosing an alternative. Equations 9, 10 and 11 
present the new forms of the utility and of the probability of choosing an alternative in this case. 
Note that the LV interact with every observable variable in  Equation 9. The probability may not 
have a closed analytical form anymore, depending on the distribution ݂ሺߝ௟௡ሻ RIWKHODWHQWYDULDEOH¶V
random error term. 
 ௜ܸ௡௧ ൌ ෍ ߚ௞ݔ௞௜௧௞ ൅ ෍ ෍ ߚ௞௟ݔ௞௜௧ ൬෍ ߞ௥௟ݖ௥௡௥ ൅ ߝ௟௡൰௞௟  (9) 
 ௜ܷ௡௧ ൌ ௜ܸ௡௧ ൅ ߝ௜௡௧ (10) 
 ௝ܲ௡௧ ൌ න ݁௏ೕ೙೟ ? ݁௏೔೙೟௜ ݂ሺߝ௟௡ሻ݀ߝ௟௡ (11) 
 
The combination of LV and discrete choice models is often called a Hybrid Choice Model 
(HCM). These can be estimated sequentially or simultaneously (Raveau et al. 2010). Sequential 
estimation means that the MIMIC model is estimated first, and then its output is used on a second 
stage as input for the DCM estimation. Simultaneous estimation, instead, makes use of Full 
Information Maximum Likelihood to estimate both models in a single process. Both estimation 
PHWKRGV DVVXUH SDUDPHWHUV¶ FRQVLVWHQF\ HYHQ WKRXJK WKH VHFRQG RQH LV PRUH HIILFLHQW We used 
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sequential estimation in this case to make easier use of the larger first stage dataset (842 
respondents) when estimating the MIMIC model; afterwards, we used the smaller second stage 
dataset (254 respondents) for the choice model. 
Experimental design of the Stated Choice survey 
A Stated Choice survey (SC) [Ortúzar and Willumsen (2011), section 3.4] considers a series of 
hypothetical but realistic situations where individuals are asked their choices. We set up an SC 
survey on an on-line survey platform, and sent it to the 842 consumers who had previously 
answered the first (descriptive) survey. This allowed us to reduce the time required to complete the 
SC survey, as the demographic and attitudinal data were already available. In the SC component, 
each person faced six hypothetical choice scenarios with four alternatives each. All scenarios 
included a non-purchase alternative (Figure 1). 
There is an ample literature identifying the most relevant attributes of wine from the 
FRQVXPHUV¶VWDQGSRLQW [Lockshin and Corsi (2012) present a review; Schnettler and Rivera (2003); 
Jiménez et al.( 2006); Mora et al. (2010); and Cerda et al. (2010) studied the subject in Chile]. We 
complemented the literature search with our own qualitative study of local consumers (not reported 
in this document). 
Six attributes were selected for inclusion in the experiment: Label design, Grape variety, 
Alcoholic content, Price, Discount and Advice. Although six is not considered a large number of 
attributes in many DCM studies, it is bordering the limit in the Chilean case (Caussade et al. 2005). 
Table 2 presents the levels for all attributes. A maximum of four levels was allowed to keep the 
number of choice situations from growing excessively, while maintaining level balance. 
As measuring the effect of particular brands was not one of our objectives, we used a fixed 
fictional brand for all alternatives. Consumers were made aware that the brand was fictional. Unlike 
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consumers from other parts of the world (Verdonk et al. 2015), Chilean consumers displayed little 
knowledge of local wine-producing valleys during a focus groups (not reported), therefore, we did 
QRWLQFOXGHWKHZLQH¶VRULJLQDVa descriptive attribute. In contrast, although alcohol concentration is 
not considered as one of the most relevant attributes of wine (Goodman 2009), we included it as it 
was of much current interest to Chilean winemakers. Context (consuming occasion) is also an 
important attribute (Martínez-Carrasco et al. 2006), so it was fixed for all exercises as µan informal 
dinner with friends¶. 
We pivoted prices to avoid consumers disregarding alternatives because they were either 
too expensive or cheap, which would violate the compensatory behaviour assumption. Before being 
presented with the choice exercises, consumers were asked to declare the maximum amount of 
money they were willing to spend on a bottle of wine for an informal dinner with friends. This 
value was scaled using the percentages on the Price column of Table 2, and discounts were later 
applied over the scaled price. When modelling, we included only the price after discount in the 
utility function. Therefore, the discount parameters capture only the psychological effect of 
discount, that is how much attractive an alternative becomes because of being advertised as 
discounted, not because it has a lower price. 
The four red grape cultivars included are those most common in Chile (Oficina de Estudios 
y Politicas Agrarias 2012). The alcohol concentrationt was made to vary enough to consider 8.5° 
Gay-Lussac (G.L), a level that was inexistent in the Chilean market at the time of the study. The 
levels used for Label design were taken from Orth and Malkewitz (2008), where five classes of 
wine label designs are identified, but only three of them were considered to describe the Chilean 
market well enough. These are delicate (muted, sleek and delicate), contrast (stark, not harmonic) 
and natural (representative, archetypical). To measure the effect of the design classes, and not of a 
particular label design, three different labels were constructed for each level of the Label design 
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attribute, and they were assigned randomly as needed. All labels were designed following Orth and 
Malkewitz (2008) parameters, by a professional designer. In Figure 1, from left to right, the first 
and second are of type contrast, while the third and fourth are natural and delicate, respectively. 
A D-efficient balanced design [Rose and Bliemer (2009); Ortúzar and Willumsen (2011), 
section 3.4) was built using N-gene (http://choice-metrics.com/). A simple logit model structure was 
assumed, using priors from a pilot study with 19 participants. The design was divided into two 
blocks of six scenarios each. Every respondent was randomly assigned to one of these blocks. To 
avoid order bias, the presentation order of alternatives and choice scenarios was randomized across 
respondents. 
We asked respondents to rank the various grape cultivars at the beginning of the survey. 
This ranking was exploded generating three additional fictional choices, where the only difference 
among alternatives was Grape Cultivar. For example, if a respondent indicated the following 
ranking: (i) Cabernet Sauvignon, (ii) Carménère, (iii) Merlot; and (iv) Syrah, we could create three 
fictional choices. In the first, the four alternatives would be available, and the first fictional choice 
would be Cabernet Sauvignon, as it was the UHVSRQGHQW¶VILUVWSUHIHUHQFH,QWhe second, only three 
alternatives would be available (omitting Cabernet Sauvignon) and the fictional choice would be 
Carménère. In the third, only the Merlot and Syrah wines would be available and the fictional 
choice would be Merlot. A scale factor [Ortúzar and Willumsen (2011) section 8.7.3) was used to 
integrate the µfictional choices¶ and the real choices.  
Results 
We estimated three models with the same dataset (although the third model uses additional 
information on consumers¶DWWLWXGHV), each of them using a different approach to model and explain 
preference heterogeneity. The first model considers systematic preference variations (SPV and 
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explains differences in preferences EDVHG RQ FRQVXPHUV¶ VRFLRGHPRJUDSKLF FKDUDFWHULVWLFV 7KH
second model uses latent classes (LC) to capture preference heterogeneity but not to explain it. 
Finally, the third model uses latent variables (LV) UHSUHVHQWLQJFRQVXPHUV¶unobserved attitudes to 
explain preference heterogeneity. All models were estimated using BIOGEME (Bierlaire 2003). 
Models SPV and LC consider a pseudo panel effect as proposed by Daly and Hess (2010). 
This method consists in adding a different Normal independent and identically distributed random 
error component (with mean zero and a standard deviation to be estimated) to each alternative in 
order of presentation, from left to right, in every choice situation for each respondent. This 
effectively introduces correlation between the observations of the same respondent depending on 
the presentation order of alternatives (i.e. all µalternatives A¶ are correlated). For the LV model this 
procedure is not necessary as it already induces correlation between observations through each 
UHVSRQGHQW¶V ODWHQWYDULDEOHV¶levels. Preferences for label style were not significant in any model, 
and therefore were removed from their specifications.  
SPV model 
The SPV model includes LQWHUDFWLRQV EHWZHHQ DOO DWWULEXWHV DQG IRXU FRQVXPHUV¶ FKDUDFWHULVWLFV
gender (a dummy with value one if the consumer was female), age (a dummy with value one if the 
consumer was 39 years old or younger), level of education (a dummy with value one if the 
consumer was not a professional), and per capita income. All main effects were kept in the model, 
despite their level of significance. Interactions, in contrast, were removed if they were not 
significant at the 95% confidence level considering a two-sided test (i.e. Į  0.05); robust t-tests are 
reported in Table 3. No interaction with income turned out to be significant, even though we tested 
different transformations for this variable (linear, logarithm and exponential). 
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Concerning preferences for grape cultivar, the SPV reveals a significance difference 
between young and older consumers. 7KH ODWWHU¶V favourite grape cultivars are Carménère and 
Cabernet Sauvignon, with no difference among them, while younger consumers favour Carménère 
over Cabernet Sauvignon. The relevance of advice also varies depending on consumer 
characteristics. While many IDYRXU IULHQGV¶ RYHU FULWLFV¶ advice, young and non-professional 
consumers trust of friends is lower than of critics. Among the least relevant advice, men value more 
the advice of salesmen than nothing at all, but women seem to distrust recommendations made by 
salesmen. There are no differences among consumers regarding the effect of alcohol, with a higher 
level being preferred by all consumers. Price shows an insignificant negative effect for every 
consumer (D = 0.15), probably due to its use as a cue for quality (see the discussion section). 
Different levels of discount do not appear to differ significantly on their level of attractiveness to 
consumers, except among young consumers. Finally, the scale factor for the grape ranking 
observations is close to zero, indicating much greater variability across respondents for this kind of 
observations than for wine choices. 
LC model 
A model with two LCs was found to have the best trade-off between fit and interpretability (see 
Table 4). Each class considers only the main effect of each attribute, and no interactions are 
included. The probability of belonging to a class does not depend on any consumer characteristics, 
but instead is assumed to be constant for every respondent. This allows the model to identify classes 
of consumers based only on their preferences, without forcing preferences to correlate with any 
consumer characteristic. In other words, this approach considers preference heterogeneity but does 
not explain it.  
The first class (39% of the sample) appears to have more experienced consumers. They 
prefer the Shiraz grape cultivar over more traditional Chilean cultivars, such as Cabernet 
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Sauvignon, Carménerè and Merlot; they value more the advice from critics than from friends and 
dislike wines with low alcohol content. Their price coefficient is negative and significant, probably 
indicating that they do not see price as a strong cue for quality, which would also explain the 
insignificance of discount, as its effect is completely captured by the reduced price. 
The second class represents a more traditional²and maybe casual²consumer. They favour 
Carménerè²the Chilean flag cutlivar²RYHUDOORWKHUVYDOXHIULHQGV¶DGYLFHWKHPRVWDQGthey are 
not influenced by the alcoholic content of the wine. Price does not appear to influence their choice, 
probably because they use price as a cue for quality. Discounts are attractive to them: the higher the 
better, though the attractiveness does not grow linearly. These last two observations are consistent, 
as consumers who use price as a cue for quality also value discounts as an opportunity to buy better 
wines. 
The scale factor for observations coming from the grape cultivar ranking is lower than one, 
and significantly different from both one and zero. This means that LQGLYLGXDOV¶ JUDSH cultivar 
rankings have more variability across respondents than wine choices, implying that the high 
preference heterogeneity for particular attributes nets out²at least to some degree²when choosing 
bottles. 
Hybrid choice model 
The HCM is more complex to interpret than the others. First, we must begin by examining the 
MIMIC model that measures FRQVXPHUV¶attitudes (i.e. latent variables). The structure of this model 
component is shown in Figure 2. The links between latent variables and indicators (i.e. the 
measurement equations) are assumed to be of ordered logit formZKLOHOLQNVEHWZHHQFRQVXPHUV¶
observable characteristics and their latent variables (i.e. the structural equations) are assumed to be 
linear. 
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Two latent variables were identified: Social drinking and Wine enthusiasm. This two-factor 
solution is corroborated by confirmatory factor analysis (CFI = 0.914, RMSEA = 0.067) and even 
though the &URQEDFK¶V DOSKD LV ORZ IRU ERWK IDFWRUV  DQG 46, respectively), it is still 
acceptable due to the small number of indicators (Cortina 1993). 
Table 5 presents WKH0,0,&PRGHO¶VFRHIILFLHQWVDQGPDLn fit indices. The sign of the indicators¶ 
coefficients allows interpreting the factors. The Social drinking latent variable alludes to a way of 
drinking that is mainly social: the individual feels overwhelmed by choosing a wine, often relying 
on price as a cue for quality, and perceives wine as a social drink for weekends. High levels of this 
latent variable correlate with (or may be caused by) drinking wine at social gatherings but not on 
working days; buying less frequently and in less volume; being slightly older and having a high 
level of education. The Wine enthusiasm latent variable, instead, represents a relevant level of 
cognitive engagement with wine. Consumers high on Wine enthusiasm see wine as a drink to share 
(similarly to Social drinking), but they feel knowledgeable about it. They also feel that drinking 
wine is something inherited from their families and they enjoy exploring new wines. High levels of 
this latent variable correlate with (or may be caused by) higher consumption and buying frequency, 
buying several bottles at once, buying expensive bottles, and buying at specialty stores more often; 
also with keeping a stock of bottles (i.e. a cellar) at home, giving wine to friends as gifts and having 
a slightly lower level of education. 
The MIMIC model exhibits a low level of fit, with a CFI of only 0.805. Given that the 
confirmatory factor analysis (i.e. the analysis with only the indicators, and no structural equations) 
showed a higher fit (CFI = 0.9), the problem appears to be due to weak explanatory variables. In 
other words, UHVSRQGHQWV¶SXUFKDVHDQGFRQVXPLQJEHKDYLRXUGRQRWappear to explain their latent 
variables in a satisfactory way. 
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Once the MIMIC model is estimated, the latent variables are calculated for each participant 
based on their structural equations, and then used as exogenous (but noisy) characteristics of the 
respondents. Table 6 shows the estimated parameters and main fit indices of the choice component 
of the HCM. As described in Equation 9, all attributes were interacted with the latent variables; 
however, only significant interactions were kept in the final model (i.e. Į  0.05 under a two-tailed 
test). Note that given the sequential estimation of the complete HCM, the log-likelihood reported in 
this table is directly comparable to those in Table 3 and Table 4. 
The level of Social drinking is more useful than the level of Wine enthusiasm in explaining 
FRQVXPHUV¶ SUHIHUHQFHV ,QWHUHVWLQJO\ DQG FRQWUDU\ WR WKHLU DVVHUWLRQV FRQVXPHUV KLJK RQ Social 
drinking appear to be less prone to using price as a cue for quality than consumers high on Wine 
enthusiasm, as their significant and negative price coefficient shows. This is in line with how Social 
drinking lowers the relevance of discounts. However, it could also be that higher levels of Social 
drinking imply lower willingness to pay for wine and its attributes. The level of Wine enthusiasm, 
on the other hand, boost the preference for Shiraz grape cultivar and the amount of alcohol in wine. 
The scale parameter for the grape ranking data is not significantly different from one (Į = 
0.07). This indicates that grape cultivar ranking observations are just as noisy as wine choice 
observations. 
 
Comparison of models 
Figure 3 presents a graphical comparison of preferences for grape cultivars among the three models. 
All coefficients were normalisHGE\GLYLGLQJ WKHPE\ WKHPRGHO¶V DOFRKROFRQWHQW FRHIILFLHQW VR
their magnitude is comparable across models. Each graph compares the coefficients of two models: 
if coefficients are similar across models, the dots will be close to the diagonal. Each dot represents 
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the coefficient of one participant for one attribute. In general, it can be seen that the SPV and LC 
PRGHOV¶FRHIILFLHQWVDUHVOLJKWO\FRUUHODWHGEXWWKH/9PRGHOSDUDPHWHUVKDYHOLWWOHFRUUHODWLRQZLWK
WKH RWKHU PRGHOV¶ SDUDPHWHUV 7KLV GLIIHUence is partly due to a higher variability in the LV 
coefficients, but it is also caused by the normality assumption on the latent variables. This 
assumption forces the coefficients to distribute symmetrically and other assumptions could be 
tested. In summary, each model provides different preference profiles. 
 
All models are superior to a base model neglecting preference heterogeneity (the 
coefficients of which are available upon request). The base model neglecting preference 
heterogeneity achieves a log-likelihood of -3014 (i.e. 26, 98 and 129 points worse than the SPV, LC 
and HCM models, respectively). All differences in fit are significant (p  0.05) according to a 
Likelihood Ratio test. 
Discussion 
We estimated three models with the same choice dataset using three different approaches to explain 
preference heterogeneity. The first model used Systematic Preference Variations (SPV), and 
DWWHPSWHG WR H[SODLQ GLIIHUHQFHV LQ SUHIHUHQFHV EDVHG RQ UHVSRQGHQWV¶ VRFLRGHPRJUDSKLF
characteristics. The second model used Latent Classes (LC) and only captured but did not attempt to 
explain preference heterogeneity. Finally, the last model used Latent Variables (LV) representing 
FRQVXPHUV¶ DWWLWXGHV WRZDUGs wine to explain variations in preferences, and a mix of FRQVXPHUV¶
VRFLRGHPRJUDSKLF FKDUDFWHULVWLFV DQG FRQVXPSWLRQ KDELWV WR H[SODLQ WKH OHYHO RI FRQVXPHUV¶
attitudes. 
All models agree on average trends: Carménère is the most popular grape cultivar; fULHQGV¶
DQGFULWLFV¶recommendations are most valuable for most consumers; higher alcohol content is not 
19 
 
perceived negatively; discounts effectively attract the attention of most consumers; and the overall 
effect of price on choice probability is negative, though tenuous at times. 
The effect of price is difficult to measure using traditional choice models, because it has a 
double and opposite effect in the choice probability. It has, first, a negative effect because, as any 
(non-Giffen) good, consumers will be more prone to choose an alternative if its price is lower. In 
contrast, price can also have a positive effect if it acts as a cue for quality (e.g. consumers tend to 
assume that a US$20 wine is better than a US$5 one). The use of price as a cue for quality is well 
documented, especially in products with strong vertical (quality) differentiation (Leavitt 1954, 
Dodds et al. 1991). In the case of wine, it has even been observed at a neurological level (Plassman 
et al.  2007). A way to deal with this issue was presented by Palma et al. (2016). 
Despite the alignment on average trends, the three estimated models differ on how they 
distribute preferences among the sample (Figure 3). The SPV model suggests that there are two 
groups of people; both like Shiraz almost the same, but their appreciation of Carménère differs. The 
LC also shows two groups of people, whose preference for both Shiraz and Carménère differ, but 
not as strongly as in the SPV model. Finally, the HCM reveals a broader range of variation, and -
contrary to both the SPV and LC models²suggests that preferences for Shiraz and Carménère are 
positively correlated. These differences are caused by the structure and type of variables used to 
explain preference heterogeneity: demographics in the SPV model, none in the LC model, and 
attitudes in the HCM. (DFKPRGHO¶VOHYHORIILWFDQKHOSto identify the most reliable one. 
The HCM achieved the best fit, followed by the LC model, while the SPV model lagged 
behind. All differences are significant at the 99% confidence level according to Horowitz¶V test for 
non-nested models (Horowitz 1983). This implies that, at least in this dataset and with these 
formulationsFRQVXPHUV¶DWWLWXGHVDUHEHWWHUDWH[SODLQLQJFRQVXPHUV¶SUHIHUHQFHVWKDQWZRODWHQW
classes and FRQVXPHUV¶VRFLRGHPRJUDSKLFFKDUDFWHULVWLFV 
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That the SPV achieves the lowest fit is not surprising. This model simply averages 
preferences over a priori defined groups (e.g. all males, young or professionals). Yet, most of the 
wine segmentation literature [Spawton (1991), Lockshin et al. 1997, Brunner and Siegrist (2011), to 
name a few] KDV IRFXVHG RQ FRQVXPHUV¶ DWWLWXGHV UDWKHU WKDQ VRFLRGHPRJUDSKLF FKDUDFWHULVWLFV
hinting to attitudes correlating more strongly ZLWKFRQVXPHUV¶SXUFKDVHKDELWVand preferences than 
demographic characteristics. 2¶1HLOOet al. (2014) also found significant improvements of fit when 
attitudes were used instead of only demographic characteristics. Unlike the other approaches, the 
scale parameter associated with the grape cultivar ranking observations was close to zero in the 
SPV model, indicating a great variability in this kind of observations, meaning that the SPV 
model¶VDELOLW\WR explain UHVSRQGHQWV¶JUDSHcultivar rankings is poor. One could argue that using 
more demographic characteristics could significantly improve fit, as we only had gender, age, 
education and income available. Not much more information, however, is usually available at the 
population level. This is not to say that demographic characteristics are useless when explaining 
preference heterogeneity, but only that there are better alternatives than this approach. 
The LC model achieves second place in terms of fit, much closer to the top than to the 
bottom. The LC model does not try to explain FRQVXPHUV¶ preferences based on any of their 
demographic features, but simply produces a grouping of consumers based on their preferences. 
This approach greatly improves fit, as the model does not force preference heterogeneity to 
correlate with any consumers¶ characteristic. Fit could be improved further if individual level 
parameters were estimated [Train (2009), chapter 11], potentially matching or even surpassing the 
fit of the HCM. The downside of this approach is that it does not provide any guidance on how to 
identify the preference groups outside the sample. Even though these groups are homogeneous in 
term of their preferences, they may be reasonably heterogeneous when it come to their 
characteristics, becoming difficult to identify and measure their size in the population. Mueller and 
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Szolnoki (2010) make a post-hoc characterisation of wine consumers on previously detected latent 
classes, finding that classes correlate mainly with consuming habits (preferred sweetness levels, 
drink and purchase frequency and subjective knowledge) and not with demographic characteristics 
(only age seems to differ among classes). Therefore, we recommend this approach when the sample 
is sufficiently representative of the population under study, and the researcher is not interested in 
explaining preferences, but only measuring them. This makes the LC approach particularly 
interesting for forecasting. 
The hybrid choice model achieves the best fit in our sample, matching results E\2¶1HLOOet 
al. 2014 and Scarpa and Thiene (2011). This approach attempts to explain preferences based on 
FRQVXPHUV¶ attitudes, and attitudes on FRQVXPHUV¶ REVHUYDEOH characteristics. As most of the 
segmentation literature suggests (Spawton 1991, Lockshin et al. 1997, Brunner and Siegrist 2011), 
attitudes appear to be a useful tool explaining behaviour and preferences. Even though we used a 
UHODWLYHO\ZHDNTXHVWLRQQDLUHWRPHDVXUHFRQVXPHUV¶DWWLWXGHV, this approach obtained the highest 
fit. It is also interesting that attitude OHYHOVDUHEHWWHUH[SODLQHGE\UHVSRQGHQWV¶FRQVXPing habits, 
such as consuming frequency and number of bottles bough per purchase, rather than by 
demographic characteristics (age and education were the only significant ones), matching results by 
Mueller and Szolnoki (2010). This result reinforces the idea that demographic characteristics 
weakly correlate with preferences. 
Despite its superior fit, the HCM requires much more information than the previous 
alternatives. First, a good attitude-measuring questionnaire must be answered by each respondent, 
and some of these can be close to 100 questions [e.g. Brunner and Siegrist (2011)], though there are 
shorter alternatives (Ogbeide and Bruwer 2013). Second, a reasonable amount of personal 
information is required to explain the levels of the latent variables, such as consuming habits, 
personal background, and demographic characteristics. While the second set of data could be 
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omitted by not explaining the level of the attitudes [i.e. a structural equation model with no 
structural equation (Bollen 1989)], this would make it impossible to forecast with the model, as 
attitude levels could not be inferred out of sample. Nevertheless, the large amount of data necessary 
to explain the attitude levels makes it difficult to forecast with this kind of model. Therefore, our 
advice is to use the HCM approach when seeking a deeper understanding of how preferences are 
formed. For example, in this case study the hybrid choice model revealed two tendencies of wine 
consumers: Social drinking and Wine enthusiasm; this could be relevant for advertising purposes 
(e.g. advertising less expensive wines with images of friends happily sharing a meal, and more 
expensive ones with images of a single person discovering a less-well known grape cultivar). A 
recent discussion on the benefits of hybrid choice models can be found in Vij and Walker (2016). 
Our comparison helps characterising three approaches when dealing with preference 
heterogeneity: (i) explaining preferences based on sociodemographic characteristics (SPV); (ii) 
avoid explaining preference heterogeneity and only measuring it (LC); and (iii) explaining 
SUHIHUHQFHV EDVHG RQ FRQVXPHUV¶ SV\FKRORJLFDO FKDUDFWHULVWLFV /9 (DFK DSSURDFK KDV LWs own 
trade-offs. Using demographic characteristics is the simplest approach in terms of model estimation, 
and forecasting is also easy as these types of characteristics are often available at the population 
level; however, its fit is significantly poorer than that  of the other alternatives. The LC approach 
can be estimated with relatively less information than other approaches, as only choices are 
necessary, and provides an acceptable level of fit (maybe even the best if individual level 
parameters were estimated)EXWLWGRHVQRWOLQNSUHIHUHQFHVWRFRQVXPHUV¶FKDUDFWHULVWLFV. Finally, 
the use of attitudes provides the higher fit and the maximum amount of insight, but it is arguably the 
most difficult approach to estimate and the one requiring larger amounts of information, making it 
more appropriate for in-depth studies where forecasting is not the main objective. 
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Our list of approaches is by no means exhaustive, as more complex structures could also be 
used. For example, Scarpa et al. (2005) compared a random parameters (RP) logit model with the 
SPV approach, concluding that the random parameters model provided a higher fit ± however, a 
more appropriate comparison would be testing the RP logit against an error components mixed logit 
allowing for SPV; this comparison has shown in several cases to be in favour of the SPV model (not 
least because of the much better interpretation of results). More interestingly, Scarpa et al. (2009) 
used a mixed approach: an LC model where the membership probability was a function of 
SDUWLFLSDQWV¶UHVSRQVHVWRDSV\FKRPHWULFTXHVWLRQQDLUH7KLVLVRQHSRVVLEOHZD\RIPL[LQJWKH/&
and LV approaches. This mixture harvests both the benefits and limitations of the two approaches: 
results are easy to interpret but quite difficult to extrapolate out of sample. A simpler mixture of 
PRGHOV FRXOG EH D /& PRGHO ZLWK FODVV SUREDELOLW\ IXQFWLRQV GHSHQGLQJ RQ SDUWLFLSDQWV¶
sociodemographic characteristics (i.e. make ɲc in ETXDWLRQDIXQFWLRQRISDUWLFLSDQWV¶REVHUYDEOH
characteristics). We did not test this approach as the SPV model already showed that the 
SDUWLFLSDQWV¶REVHUYDEOHFKDUDFWHULVWLFVGLGQRWFRUUHODWHVWURQJO\ZLWKSUHIHUHQFHV 
Some limitations of our study must be acknowledged. We used a novel, self-developed, 
VKRUWTXHVWLRQQDLUHWRPHDVXUHFRQVXPHUV¶DWWLWXGHVWRZDUGVZLQHEDVHGRQLQIRUPDWLRQIURPIRFXV
groups and in-depth interviews with consumers. However, the questionnaire did not perform quite 
right, as suggested by the low fit of the MIMIC model. For this reason, we are not in a position to 
recommend it for future research. Instead, using validated questionnaires (also called instruments) 
to measure wine-related attitudes appears more appropriate. There is a well-developed literature on 
this subject (Lockshin et al. 1997, Brunner and Siegrist 2011, Bruwer and Huang 2012, Ogbeide 
and Bruwer 2013), although the length of some of these questionnaires makes their inclusion in 
choice experiments difficult. Another limitation of our results is that no random parameter model or 
individual-level parameters were estimated. We decided not to include these to avoid excessive 
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length of the paper and because they could be considered as extensions of the LC model. A random 
parameter model is equivalent to a LC model with infinite classes and a functional form attached to 
them, and an individual-level parameter model is equivalent to a LC model with as many classes as 
respondents. 
Finally, the inclusion of an extremely low level of alcohol content (8.5°GL) may have 
influenced the positive perception of higher alcohol content captured in all models. However, (non-
reported) models with dummy variables for each level of alcohol also show a positive, though 
milder, perception of wines with higher alcohol levels. 
Future research should focus on how recommendations about the different approaches to 
preference heterogeneity apply to other product categories. 
Acknowledgements 
We are grateful to the Chilean Fund for the Development of Scientific and Technological Research 
(FONDECYT) through Project 1121058. Thanks are also due to the Millennium Institute in 
Complex Engineering Systems (ICM: P05-004F; FONDECYT: FB8016) for having partially 
financed this work. 
References 
Adamowicz, W. and Swait, J.D. (2013) Are food choices really habitual? Integrating habits, 
variety-seeking and compensatory choice in a utility maximizing framework. American Journal of 
Agricultural Economics 95, 17 - 41. 
Angulo, A. and Gil, J. (2007) Risk perception and consumer willingness to pay for certified beef in 
Spain. Food Quality and Preference 18, 1106 ± 1117. 
Bahamonde-Birke, F. and Ortúzar, J. de D. (2012) On the variability of hybrid discrete choice 
models. Transportmetrica 10, 74 - 88. 
25 
 
Barreiro-Hurlé, J., Colombo, S. and Cantos-Villar, E. (2008) Is there a market for functional wines? 
Consumer preferences and willingness to pay for resveratrol-enriched red wine. Food Quality and 
Preference 19, 360 ± 371. 
Bierlaire, M. (2003). BIOGEME: a free package for the estimation of discrete choice models. 
Proceedings of the 3rd Swiss transportation research conference; 19±21 March 2003; Ascona, 
Switzerland  . 
Bollen, K.A. (1989) Structural Equations with Latent Variables (John Wiley:, Chichester, England). 
Brunner, T. and Siegrist, M. (2011) A consumer-oriented segmentation study in the Swiss wine 
market. British Food Journal 113, 353 ± 373. 
Bruwer, J. and Huang, J. (2012) Wine product involvement and consumers BYOB behaviour in the 
South Australia on-premise market. Asia Pacific Journal of Marketing and Logistics 24, 461-481. 
Caussade, S., Ortúzar, J. de D., Rizzi, L.I. and Hensher, D.A. (2005) Assessing the influence of 
design dimensions on stated choice experiment estimates. Transportation Research 39B, 621-640. 
Cerda, A., Torres, M.J. and García, L. (2010) Preferencias y disposición a pagar por vinos 
ecológicos de parte de los consumidores de la Región del Maule, Chile. Panorama Socioeconómico 
40, 60 ± 71.  
Cortina, J.M. (1993) What is coefficient alpha? An examination of theory and applications. Journal 
of Applied Psychology 78, 98 ± 104. 
Costanigro, M., Appleby, C. and Menke, S.D. (2014) The wine headache: consumer perception of 
sulfites and willingness to pay for non-sulfited wines. Food Quality and Preference 31, 81 ± 89. 
26 
 
'¶$OHVVDQGUR6DQG3HFRWLFK$(YDOXDWLRQRIZLQHE\H[SHUWDQGQRYLFHFRQVXPHUVLQWKH
presence of variations in quality, brand and country of origins cue. Food Quality and Preference 28, 
287 ± 303. 
Daly, A. and Hess, S. (2010) Simple approaches for random utility modelling with panel data. Paper 
presented at European Transport Conference, October 2010. Glasgow, Scotland. 
Dodd, T.H., Laverie, D.A., Wilcox, J.F. and Duhan, D.F. (2005) Differential effects of experience, 
subjective knowledge, and objective knowledge in sources of information used in consumer wine 
purchasing. Journal of Hospitality & Tourism Research 29, 3 ± 19. 
Dodds, W.B., Monroe, K.B. and Dhruv, G. (1991) Effects of price, brand, and store information on 
EX\HUV¶SURGXFWHYDOXDWLRQJournal of Marketing Research 28, 307 ± 319. 
Ferreira, V., Escudero, A., Campo, E. and Cacho, J. (2008) The chemical foundations of wine 
aroma±a role game aiming at wine quality, personality and varietal expression. Blair, R., Williams, 
P. and Pretorius, S., eds.   Proceedings of the thirteenth Australian wine industry technical 
conference;  28 July±2 August 2007; Adelaide, SA, Australia (Australian Wine Industry Technical 
Conference: Urrbrae, SA, Austrealia) pp. 142-150. 
Gawel, R. and Godden, P.W. (2008). Evaluation of the consistency of wine quality assesments from 
expert wine tasters. Australian Journal of Grape and Wine Research 14, 1-8. 
Goodman, S. (2009) An international comparison of retail consumer wine choice. International 
Journal of Wine Business Research 21, 41±49. 
Grisolía, J.M., López, F. y Ortúzar, J. de D. (2012) Sea urchin: from plague to market opportunity. 
Food Quality and Preference 25, 45-56. 
27 
 
Grunert, K. (2005) Food quality and safety: consumer perception and demand. European Review of 
Agricultural Economics 32, 369±391. 
Hensher, D.A., Rose, J.M. and Greene, W.H. (2015) Applied Choice Analysis (Cambridge 
University Press: Cambridge, England). 
Horowitz, J. (1983) Statistical comparison of non-nested probabilistic discrete choice models. 
Transportation Science 17, 319 ± 350. 
Jarvis, W., Mueller, S. and Chiong, K. (2010) A latent analysis of images and words in wine choice. 
Australasian Marketing Journal 18, 138 ± 144. 
Jiménez, F., Marshall, B., Ortega, J. and Foster, W. (2006) Factores que intervienen en la frecuencia 
de consumo de vino en el sector oriente de Santiago, Chile. Economía Agraria 10, 37-52. 
Lancaster, K.J. (1966) A new approach to consumer theory. The Journal of Political Economy 74, 
132 ± 157. 
Leavitt, H.J. (1954) A note on some experimental findings about the meaning of price. The Journal 
of Business 27, 205 ± 210. 
Lockshin, L. and Corsi, A.M. (2012) Consumer behaviour for wine 2.0: a review since 2003 and 
future directions. Wine Economics and Policy 1, 2 ± 23. 
/RFNVKLQ/-DUYLV:G¶+DXWHYLOOH)DQG3HUURXW\, J.P. (2006) Using simulations from discrete 
choice experiments to measure consumer sensitivity to brand, region, price, and awards in wine 
choice. Food Quality and Preference 17, 166 ± 178. 
Lockshin, L.S., Spawton, A.L. and Macintosh, G. (1997) Using product, brand and purchasing 
involvement for retail segmentation. Journal of Retailing and Consumer Services 4, 171-183. 
28 
 
Martínez-Carrasco, L., Brugarolas, M., Del Campo, F.J. and Martínez, A. (2006) Influence of 
purchase place and consumption frequency over quality wine preferences. Food Quality and 
Preference 17, 315±327. 
McFadden, D. (1973) Conditional logit analysis of qualitative choice behaviour. I Zarembka, P., ed. 
Frontiers in econometrics,  (Academic Press: New York, NY, USA) pp. 105-142 . 
McIntyre, E., Ovington, L.A., Saliba, A.J. and Moran, C.C. (2015) Qualitative study of alcohol 
consumers who choose to avoid wine. Australian Journal of Grape and Wine Research 22, 181-189. 
Ministerio de Desarrollo Social (2012) Límites mínimos y máximos del ingreso autónomo per-
cápita del hogar (Encuesta CASEN 2011). Observatorio Social. Retrieved March 22, 2013, from: 
http://observatorio.ministeriodesarrollosocial.gob.cl/layout/doc/casen/ingresos2011cuadro3.xlsx. (in 
Spanish). 
Mora, M., Magner, N. and Silva, R. (2010) Segmentación de mercado de acuerdo a estilos de vida 
de consumidores de vino orgánico Región Metropolitana de Chile. IDESIA 28, 25-33 (in Spanish). 
Mouret, M., Lo Monaco, G., Urdapilleta, I. and Parr, W (2013) Social representations of wine and 
culture: a comparison between France and New Zealand. Food Quality and Preference 30, 102-107. 
Mtimet, N. and Albisu, L.M. (2006) Spanish wine consumer behavior: a choice experiment 
approach. Agribusiness 22, 343 ± 362. 
Mueller, S., Lockshin, L., Saltman, Y. and Blanford, J. (2010a) Message on a bottle: the relative 
influence of wine back label in-formation on wine choice. Food Quality and Preference 21, 22-32. 
Mueller, S., Lockshin, L. and Louviere, J.J. (2010b) What you see may not be what you get: asking 
consumers what matters may not reflect what they choose. Marketing Letters 21, 335-350. 
29 
 
Mueller, S. and Szolnoki, G. (2010) The relative influence of packaging, labelling, branding and 
sensory attributes on liking and purchase intent: consumers differ in their responsiveness. Food 
Quality and Preference 21, 774±783. 
Oficina de Estudios y Políticas Agrarias (2012) Boletín de vinos y pisco: producción, precios y 
comercio exterior. Oficina de Estudios y Políticas Agrarias. Re-trieved March 24, 2013, from: 
odepaweb/servicios-informacion/Boletines/BVinos_0113.pdf (in Spanish). 
Ogbeide, O.A. and Bruwer, J. (2013) Enduring involvement with wine: predictive model and 
measurement. Journal of Wine Research 24, 210-226. 
2¶1HLOO9+HVV6DQG&DPSEHOO' $TXHVWLRQRI WDVWH UHFRJQLVLQJ WKH UROHRI ODWHQW
preferences and attitudes in analysing food choices. Food Quality and Preference 32, 299 ± 310. 
Orth, U. and Malkewitz, K. (2008) Holistic package design and consumer brand impressions. 
Journal of Marketing 72, 64-81. 
Ortúzar, J. de D. (2010) Estimating individual preferences with flexible discrete-choice-models. 
Food Quality and Preference 21, 262±269. 
Ortúzar, J. de D. and Willumsen, L.G. (2011). Modelling Transport. John Wiley and Sons, 
Chistester. 
Palma, D., Ortúzar, J. de D., Rizzi, L.I., Guevara, C.A., Casaubon, G. and Ma, H. (2016) Modelling 
choice when price is a cue for quality: a case study with Chinese consumers. The Journal of Choice 
Modelling 19, 24 ± 39. 
3ODVVPDQQ + 2¶'RKHUW\ - 6KLY % DQG 5DQJHO $  0DUNHWLQJ DFWLRQV FDQ PRGXODWH
neural representations of experienced pleasantness. Proceedings of the National Academy of 
Sciences of the United States of America 105, 1050 ± 1054. 
30 
 
Raveau, S., Alvarez-Daziano, R., Yáñez, M.F., Bolduc, D. and Ortúzar, J. de D. (2010) Sequential 
and simultaneous estimation of hybrid discrete choice models: some new findings. Transportation 
Research Record 2156, 131-139. 
Rose, J.M. and Bliemer, M.C.J. (2009) Constructing efficient stated choice experimental designs. 
Transport Reviews 29, 1-31. 
Scarpa, R. and Thiene, M. (2011). Organic food choices and the protection motivation theory: 
addressing the psychological sources of heterogeneity. Food Quality and Preference 22, 532 ± 541. 
Scarpa, R., Philippidis, G. and Spalatro F. (2005) Product-country images and preference 
heterogeneity for Mediterranean food products: a discrete choice framework. Agribusiness 21, 329 
± 349. 
Scarpa, R., Thiene, M. and Galletto, L. (2009) Consumers WTP for wine with certified origin: 
preliminary results from Latent Classes based on attitudinal responses. Journal of Food 
ProductMarketing 15, 231 ± 248. 
Schnettler, B. and Rivera, A. (2003) Características del proceso de decisión de compra de vino en la 
IX Región de la Araucanía, Chile. Ciencia e Investigación Agraria 30, 1-14 
Spawton, T. (1991).Marketing planning for wine. International Journal of Wine Marketing 2, 2-49. 
Terrien, C. and Steichen, D. (2008) Accounting for social taste: application to the demand for wine. 
International Journal of Wine Business Research 20, 260 ± 275. 
Train, K. (2009) Discrete choice models with simulation (Cambridge University Press: Cambridge, 
England). 
31 
 
Velikova, N., Charters, S., Bouzdine-Chameeva, T., Fountain, J., Ritchie, C. and Dodd, T.H. (2015) 
Seriously pink: a cross cultural examination of the perceive image of rosé wine. International 
Journal of Wine Business Research 27, 281 ± 298. 
Verdonk, N.R., Wilkinson, K.L. and Bruwer, J. (2015) Importance, use and awareness of South 
Australian geographical indications. Australian Journal of Grape and Wine Research 21, 361-366. 
Vij, A. and Walker, J.L. (2016) How, when and why integrated choice and latent variable models 
are latently useful. Transportation Research 90B, 192 ± 217. 
Walker, J. and Ben-Akiva, M. (2002) Generalized random utility model. Mathematical Social 
Sciences 43, 303±343. 
 
 
 
 
 
 
 
 
Table 1. 6DPSOHPHDQRISDUWLFLSDQW¶VFKDUDFWHULVWLFVIRUWKHILUVWDQGVHFRQGVWDJH
samples. 
Category Item 1st 2nd 
Sample size Number of individuals 842 254 
    Consumption   
habits 
Weekly number of consuming occasions  ?  2.70 2.63 
Drink wine at lunch on weekdays (%) ? 12 14 
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Purchasing habits Number of purchases during a month 3.45 3.13 
Number of bottles per purchase  ? 7.78 8.19 
Buy bottles of more than US$50  (%)  ? 22 20 
Keeps a stock of wine at home (%)  ? 88 93 
    
Use of distribution 
channels 
Supermarket   ? (Likert scale from 0/never to 3/always) 2.31 2.33 
Specialty store  ? (Likert scale from 0/never to 3/always) 1.85 1.85 
Internet  ? (Likert scale from 0/never to 3/always) 1.36 1.37 
        Attitudes 
(Agreement level 
with each phrase 
on a 1 to 7 Likert 
scale) 
I know a lot about wine  ? 4.68 4.78 
I like trying new wines  ? 6.33 6.37 
There are expensive wines I don't like  ? 5.27 5.22 
Wine is a family tradition for me  ? 5.14 5.02 
Choosing wine at the supermarket can be difficult  ? 3.87 3.85 
Wine is for weekends  ? 3.10 3.11 
Wine is a social drink  ? 5.28 5.25 
To make sure I get a good wine, I choose an expensive one  ? 3.67 3.47 
            Demographics Female (%)  ? 24 30 
Age  ? 41.80 43.11 
Number of people in household  ? 3.19 3.20 
Number of adults in household  ? 2.49 2.51 
Highest level of formal education (3=university) 2.90 2.95 
Monthly income (1000 US$)  ? 4.14 3.97 
 ?ĂƚĂĨƌŽŵďŽƚŚƐĂŵƉůĞƐĂƌĞƐƚĂƚŝƐƚŝĐĂůůǇĞƋƵŝǀĂůĞŶƚƵŶĚĞƌƚŚĞ<ŽůŐŽŵŽƌŽǀ-Smirnov two-sided test at 5% significance 
 ?ĂƚĂĨƌŽŵďŽƚŚƐĂŵƉůĞƐĂƌĞƐƚĂƚŝƐƚŝĐĂůůǇĞƋƵŝǀĂůĞŶƚƵŶĚĞƌƚŚĞchi-square test at 5% significance 
 
 
 
Table 2. Attribute levels in the stated choice (SC) design. 
 Label design Grape cultivar Alcohol concentration Advice Price Discount 
1 Delicate Cabernet Sauvignon 8.5° G.L. None 100% 0% 
2 Contrast Merlot 11.0° G.L. Salesman 120% 10% 
3 Natural Carménère 12.5° G.L. Friend 130% 20% 
4  Shiraz 14.5° G.L. Critic 160%  
 
33 
 
Table 3.  Parameter estimates and goodness of fit indicators of the systematic preference 
variations (SPV) model.  
Attribute Level Coefficient t-test ? 
Grape Merlot -0.703 -3.45 
cultivar  x Young 0.650 2.93 
 
Carménère 0.134 0.86 
 
 x Young 0.388 1.89 
 
Shiraz -0.541 -3.45 
 
 x Young 0.488 1.98 
    Advice Salesman 0.106 1.01 
 
 x Female -0.375 -2.15 
 
Friend 0.575 4.50 
 
 x Young -0.273 -1.90 
 
 x Non professional -0.266 -1.53 
 
Critic 0.394 3.21 
 
 x Female -0.315 -1.69 
    Alcohol concentration 0.071 4.48 
    Price After discount -0.012 -1.45 
    Discount 10% 0.477 5.14 
 
 x Young -0.247 -2.05 
 
20% 0.434 4.56 
    Constant Base 0.492 1.10 
 
 x Female 0.314 0.75 
 
 x Young -0.377 -0.92 
 
 x Non professional 1.320 2.56 
    Scale Grape ranking 0.026 4.15 ? 
    Panel effect Standard deviation -0.455 -4.41 
Fit Observations 
 
2286 
indices Individuals 
 
254 
 
Number of parameters 26 
 
Log-likelihood 
 
-2988 
 
Rho2 
 
0.10 
  Adjusted Rho2   0.09 
 ?ZŽďƵƐƚƚ-tests reported 
 ? Robust t-test with respect to 1. 
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Table 4.  Coefficients and fit indices of the latent class (LC) model  
Class 1 
 
Class 2 
Attribute Level   Coeff. t-test ?   Coeff. t-test ? 
Grape Merlot 
 
-1.400 -5.66 
 
-0.184 -1.07 
cultivar Carménère 
 
-0.518 -2.24 
 
0.435 2.61 
 
Shiraz 
 
0.354 1.53 
 
-0.642 -3.62 
        Advice Salesman 
 
0.153 0.75 
 
-0.046 -0.36 
 
Friend 
 
0.447 2.01 
 
0.471 3.71 
 
Critic 
 
0.693 2.61 
 
0.227 1.51 
        Alcohol concentration 
 
0.291 5.50 
 
-0.017 -0.87 
        Price After discount 
 
-0.064 -3.18 
 
0.001 0.14 
        Discount 10% 
 
0.221 1.11 
 
0.454 4.19 
 
20% 
 
0.170 0.89 
 
0.575 4.54 
        Constant 
  
0.221 1.11 
 
0.454 4.19 
        Scale Grape ranking 
 
0.635 -2.38 ? 
 
0.635 -2.38 ? 
        Panel effect Standard deviation 
 
0.581 3.07 
 
0.000 0.15 
        Class size     39%     61%  [50,99] 
Fit Observations (individuals) 
 
2286 (254) 
indices Number of parameters 
   
26 
 
Log-likelihood 
     
-2916 
 
Rho2 
     
0.12 
  Adjusted Rho2       
 
0.12 
 ?ZŽďƵƐƚƚ-test reported 
 ? Robust t-test with respect to 1. The scales of both classes were constrained to be equal. 
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Table 5. Parameters of the multiple indicators multiple causes (MIMIC) model [part of the 
latent variable model (LV)] 
    Coefficient t-test 
Social Consumption frequency -0.118 -4.10 
cohesion Number of bottles per purchase -0.010 -2.01 
 
Drinks at social gatherings 0.350 2.08 
 
Drinks at dinner in working days -0.510 -4.00 
 
Age 0.012 2.67 
 
Education 0.092 1.94 
    Wine Buying frequency 0.178 4.41 
enthusiast Consumption frequency 0.102 3.40 
 
Number of bottles per purchase 0.014 2.20 
 
Specialty store purchase frequency 0.157 2.62 
 
Buys bottles over US$40 0.292 2.24 
 
Maintains a cellar at home 0.789 4.58 
 
Gifts wine to friends 0.570 2.56 
  Education -0.125 -2.69 
   Fit RMSEA ? 0.048 
indices P value of RMSEA d 0.05 0.686 
  CFI 0.805 
 輀 Root mean square error of approximation 
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Table 6.  Parameter estimates and fit indices of the choice component of the latent variable 
model (LV). 
Attribute Level Coefficient t-Test ? 
Grape Merlot 0.048 0.27 
cultivar  x Social cohesion -1.090 -4.35 
 
Carménère 0.711 3.65 
 
 x Social cohesion -1.120 -5.57 
 
Shiraz -1.660 -5.34 
 
 x Social cohesion -0.649 -3.29 
 
 x Wine enthusiast 0.827 6.96 
    Advice Salesman 0.103 1.05 
 
Friend 0.527 5.31 
 
Critic 0.491 4.49 
    Alcohol Main effect -0.206 -4.41 
concentration  x Wine enthusiast 0.139 6.33 
    Price After discount -0.013 -0.94 
 
 x Social cohesion -0.045 -1.97 
    Discount 10% 0.541 5.01 
 
 x Social cohesion -0.346 -3.01 
 
20% 0.640 5.03 
 
 x Social cohesion -0.410 -2.82 
    Constant Base 10.200 4.93 
 
 x Social cohesion 0.797 0.50 
 
 x Wine enthusiast -3.780 -5.42 
    Scale Grape ranking 0.760 1.81 ? 
    Fit Observations 
 
2286 
indices Individuals 
 
254 
 
Number of parameters 22 
 
Log-likelihood 
 
-2885 
 
Rho2 
 
0.13 
  Adjusted Rho2 0.13 
 ?ZŽďƵƐƚƚ-test reported 
 ? Robust t-test with respect to 1. 
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Figure 1.  Example of choice exercise. Participants had to choose only one wine, or none 
of them. Each respondent answered six exercises. 
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Figure 2  Structure of the multiple indicators multiple causes (MIMIC) model [part of the 
latent variable (LV) model] 
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Figure 3.  Graphical comparison of preferences profiles between models. Each graph 
compares normalised coefficients between pairs of models, if data points are near the 
diagonal, then models preference patterns are similar. Merlot (Ɣ); Carménère (Ɣ); Shiraz 
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(Ɣ); salesman¶VDGYLFHƔIULHQG¶VDGYLFHƔFULWLF¶VDGYLFHƔ);price (Ɣ); 10% 
discount (Ɣ); and 20% discount (Ɣ). 
 
